This paper analyses the correlation between the acoustic emission signals and the main parameters of friction stir welding process based on artificial neural networks (ANNs). The acoustic emission signals in Z and Y directions have been acquired by the AE instrument NI USB-9234. Statistical and temporal parameters of discomposed acoustic emission signals using Wavelet Transform have been used as input of the ANN. The outputs of the ANN model include the parameters of tool rotation speed and travel speed, and tool profile, as well as the tensile strength. A multilayer feed-forward neural network has been selected and trained, using Levenberg-Marquardt algorithm for different network architectures. Finally, an analysis of the comparison between the measured and the calculated data is presented. The model obtained can be used to model and develop an automatic control of the parameters of the process and mechanical properties of joint, based on the acoustic emission signals.
Introduction
Friction stir welding (FSW), invented by The Welding Institute of the UK in 1999, is an energy-efficient, environmentfriendly, and versatile joining technique that has proved to be one of the most significant achievements in the field of joining aluminium alloys [1] .
The principal advantage of this technology consists in the possibility of being used to successfully join materials that are difficult-to-weld or unweldable by fusion welding methods [2] . FSW has been widely used in the areas of space, aircraft, marine, fuel tank, and food-saving industry [3] .
Science and technology development has contributed to obtain models with similar behaviour to the physical process in the aspects into consideration, which allow avoiding the complexity of the studied phenomenon. Based on this and the growing acceptance of friction stir welding as a reliable welding technique, it is necessary to increase the development of different online monitoring methods for modelling and control of the quality of the welds [4] .
The monitoring of acoustic emission (AE) [5, 6] signals is a nondestructive evaluation technique for real time applications. It is characterized by a more precise representation of the behaviour of the phenomenon, but its high complexity must be considered in the analysis. Different works reported [7] [8] [9] [10] [11] show the application of nondestructive techniques (NDT) on the mechanical and manufacturing processes.
Roca et al. [9] and Macías et al. [10] demonstrated the advantage of the application of AE as a nondestructive method for characterization of stability in gas metal arc welding process. A new index for the stability analysis of GMAW processes taking as a basis the AE generated by the arc was obtained in this research. The authors confirmed the effectiveness of the method proposed as a new way for the analysis of stability in welding process.
Abstract and Applied Analysis
Fernández et al. [11] demonstrated the feasibility of the application of AE for monitoring the FSW systems. The authors presented a method to evaluate the effect of the tool profile on friction stir welding process in the aluminium AA 1050, using acoustic emission signals.
Soundararajan et al. [7] determined the correlation between the losses of contact of the tool with the workpiece based on features of the AE signal, using the Fast Fourier Transform (FFT), the Short-Time Fourier Transform (STFT), and the Discrete Wavelet Transform (DWT). The authors investigated the possibility of applying AE techniques for the in-process monitoring of the FSW process. They also demonstrated that AE signal in the frequency domain is sensitive to the change in the depth of penetration of the tool.
The applicability of vibroacoustic signals in the analysis of FSW process was confirmed by Suresha et al. [8] . These authors developed a conceptual model to correlate the FSW process parameters, tool profile, material flow pattern, microstructures, and mechanical properties.
Welding processes are physically complex in nature, nonlinear, and dynamic, presenting a large number of input parameters; there is no close mathematical model which can describe the behaviour of these processes [7] . On the other hand, in the last years, artificial intelligence techniques and especially artificial neural networks (ANNs) are being used as a tool to model different complex processes.
ANNs can be used in many applications for process modelling, monitoring, and control purposes, using wavelets [12] [13] [14] [15] . They also can be used to estimate parameters that usually cannot be measured on-line. In the fields of biology, electronics, computer science, mathematics, and engineering, ANN is one of the most important research areas [16, 17] .
ANN possesses an excellent ability to learn and generalise (interpolate) complicated relationships between input and output variables of such type of systems. In recent times, in the engineering area, the computer-aided ANN modelling is becoming more and more important. Various developments of ANN applied to processes are reported in the literature [2, 16, 18] .
Okuyucu et al. [3] and others authors [16, 19] used a ANNbased model applied to FSW of aluminium alloy in order to predict the mechanical properties of welding using the process parameters as input of the model. Lakshminarayanan and Balasubramanian [19] performed a comparison between response-surface methodology and artificial neural network models to predict the tensile strength of FSW AA7039 aluminium alloy. The authors used, as input of the model, process parameters such as tool rotational speed, welding speed, and axial force.
Tansel et al. [18] carried out a study, using ANN, to estimate the optimal operating condition of the FSW process. The authors used five separate ANNs as an excellent optimization tool for FSW, in order to obtain the relationship between two identical input parameters and each one of the characteristics of the welding zone.
All models based on ANN previously obtained for FSW are based on correlating the mechanical properties of the joint (tensile strength, hardness, etc.) [7, 8, 11] obtained from the mechanical tests and microstructural characteristics based on process parameters (tool rotation speed and travel speed) predefined.
In the existing literature, it is not possible to find a model that predicts the values of the parameters of the process and the mechanical properties applying a noninvasive technique such as EA. The new model shown in this paper aims to fill this lack by providing a detailed explanation of the methodology and results obtained from processing vibroacoustics signals and developing a model based on ANN. These results also suggest the possibility of developing an acoustic emission-based model for monitoring and controlling changes on the parameters of FSW processes and predicting mechanical properties of joint.
Experimental
The plates used in the present paper are aluminium AA1050 H24 with dimensions 200 mm ( ), 100 mm ( ), and 3 mm ( ). This alloy is known for its electrical conductivity and it is commonly used in automotive trim, chemical and food industry equipment, light reflectors, and strips for heat exchangers. The FSW process was carried out using a CNC machine with displacement control [11] . The plates were butt-joined by FSW and locked in position using mechanical clamps. The travel angle used was 0 ∘ and the direction of welding was normal to the rolling direction. The experiments were performed according to the experimental setup shown in Figure 1 .
A large number of trial runs were performed to select the practical working limits of FSW process parameters. To implement this study, the obtaining of defect-free joints inside the experimental region was verified. The tool life was another factor taken into account. It was ensured that the tool maintained its dimensions during the performance of the trials.
During the test, three levels of the travel speed (40, 63, and 100 mm⋅min −1 ) and tool rotation speed (450, 710, and 1120 rpm) were used (two limits and a central level). Experimental designs of factorial type were also used (18 welding experiments developed in total). To reduce the experimental error, all the welding experiments were performed three times under the same conditions.
The diameters of the tool probe and tool shoulder were 3 and 10 mm, respectively. Two different pin profiles were considered: a conventional cylindrical pin with grooves (Tool 1) and a threaded cylindrical pin (Tool 2). The shoulder profile for these tools was concave.
The vibroacoustic signals generated during the welding process in and directions ( Figure 1 ) were captured and recorded using the AE instrument NI USB-9234 connected to PC. The AE signals generated as a result of the external noise were monitored before welding.
All signals were sampled at 51.2 kHz and processed using MATLAB software. Two acoustic emission sensors (piezoelectric-based) were arranged perpendicularly on Abstract and Applied Analysis the top and lateral surface of the backing plate. The sensors were placed on the backing plate and coupling was used in order to provide a good acoustic path between the backing plate and the sensor.
Extract Features of Vibroacoustic Signals.
A critical task of the AE signal processing is the selection of an appropriate frequency range to provide information about the application process behaviour. It is necessary to carry out an additional statistical analysis of the information in order to obtain the adequate characterisation of the acquired data.
In this piece of research, the statistical parameters of vibroacoustic signals and their Wavelet Transform (WT) [20, 21] were used in order to obtain the data input of the ANN used. The mean value, standard deviation, and coefficient of variation are the most generally used indices for studying welding process.
WT has settled as an effective tool to decompose nonstationary signals such as vibroacoustic signals. WT allows the use of long time intervals where more precise low frequency information is required, and shorter regions where highfrequency information is needed. In this paper, Daubechies wavelets of order eight have been used to decompose the signals at different scales in order to obtain the specific frequency bands that are useless for the analysis.
In this case, the application of WT is equivalent to the result of passing the vibroacoustic signals through a filter with resulting frequency bandwidths [ Chen et al. [22] demonstrated the validity of WT analysis of acoustic emission in monitoring FSW of 6061 aluminium. The authors showed the occurrence of significant sudden changes in the band energy at the moment when the probe penetrates into and pulls out of the weld joint, as well as when the shoulder makes contact with or detaches from the plates.
Each one of the obtained signals was characterized statistically in the different energy bands as a result of the WT decomposition. Finally, a significance testing was carried out with the objective of extracting the statistical parameters that showed significant differences to use them as input to the ANN.
Artificial Neural Network Methodology.
The methodology presented below has been used to obtain conclusions about the effectiveness of ANN to evaluate changes in parameters process and mechanical properties based on relationship between FSW parameters and vibroacoustic signals generated by process.
A neural network, which can capture and represent the relationship between the vibroacoustic signals, mechanical properties, and process parameters, has been developed in this stage. Multilayered perception (MLP) neural network was one of the most popular and earliest developed network architecture for engineering applications, and it is commonly used to solve difficult predictive modelling problems.
The structure of a neural network is determined by the number of layers and the number of nodes in each layer. In this paper, a back propagation (BP) type network has been selected, specifically a standard BP network composed of two layers.
Equation (1) shows the output function of the ANN used, where 1 and 2 represent the matrix of the weight of input hidden neurons and hidden output neurons, respectively, 1 and 2 represent the biases of each one of the neurons of the hidden layer and the output layer, and represents the input vector to the network. Consider
The system has three layers, which are input, hidden, and output layers, respectively. The input layer consists of a number of input nodes called neurons and collects all the input factors. In this case, it corresponds to the features of vibroacoustic signals. The established input values were denoted as 1 to . Information from the input layer is then processed in the course of one hidden layer. Each neuron in the hidden layer is connected to every neuron in the previous layer via a set of weighted links ( 1 ). This weighted sum is passed through a nonlinear activation function to produce an output vector ( ) in the range of 0 to 1. Precisely, the MLP is ideal for modelling nonlinear relationships, such as this one between the generated vibroacoustic signals and the FSW parameters. The transfer functions for all hidden neurons are tangent sigmoid functions, as shown in
FSW parameters are computed in the output layer, which contains a neuron for each parameter that is to be modelled. Again, weights are used to connect each output neuron to every neuron in the previous hidden layer ( 2 ). The neurons in the hidden layers are computational units that perform nonlinear mapping between inputs and outputs. The output value of the ANN ( ) is in correspondence with the established welding parameters. The transfer functions for the output neurons are linear functions, as shown in
Determining the number of hidden neurons is critical in the design of neural networks. An overabundance of hidden neurons gives too much flexibility, which usually leads to over fitting. On the other hand, too few hidden neurons restrict the learning capability of a network and degrade its approximation performance. ANN learns from examples, namely, patterns. In order to introduce the patterns to the ANN, it has been necessary to standardise them by using a preprocessing stage. To train and test a neural network, input data and corresponding target values are necessary. A total of 126 input-output data patterns have been used into a training set and 18 into a testing set.
Artificial Neural Network Training
Algorithms. The neural network was trained using two different training algorithms:
(1) gradient descent with momentum algorithm, (2) Levenberg-Marquardt algorithm.
BP learning uses a gradient descent algorithm to minimise the mean square error between the target data and the predictions of a neural network. One of the major problems with the basic BP algorithm (gradient descent algorithm) has been the extended training time required. The technique for accelerating convergence falls into two main categories: heuristic methods and standard numerical optimisation methods, such as the Levenberg-Marquardt BP (LMBP) algorithm.
The LMBP algorithm is similar to the quasi-Newton method, in which a simplified form of the Hessian matrix (second derivatives) is used. When the cost function has the form of a sum of squares, then the Hessian matrix can be approximated as
and the gradient can be computed as
where is the Jacobian matrix that contains the first derivatives of the network errors with respect to the weights and biases and is a vector of network errors. The Jacobian matrix can be computed through a standard back-propagation technique that is much less complex than computing the Hessian matrix. The LMBP algorithm is the fastest algorithm that has been tested for training multilayer networks of moderate size. Equation (6) shows the function used during the training of ANN:
The performances of these two training algorithms are compared to decide which algorithm performs better than the other one. After examining the working of different architectures of networks, the test data was introduced into the ANN to evaluate the performance obtained. Figure 2 shows the general steps of the methodology used in this piece of research. The preprocessing stage develops the transformation of the input or target data before it is presented to the neural network. On the other hand, the postprocessing stage converts normalized outputs back into the same units that were used for the original targets.
Based on the "intelligence" of the new model obtained, it is possible to predict values of process parameters not shown during the experiments based on vibroacoustic signal. The creation of this model will allow the development of future applications for monitoring and automatic control of FSW process parameters based on the measurement of vibroacoustic signals generated by the process.
Results and Discussion
Acoustic emission is a nondestructive evaluation technique for real time monitoring applications. In this piece of research, all the vibroacoustic signals have been characterized. The key to the ANN modelling was to extract the features of the vibroacoustic signals generated by the FSW process in order to correlate them with the process parameters and mechanical properties of FSW joint.
Figures 3(a) and 3(c) show the cross-section perpendicular to the welding direction for two representative conditions with tool rotation speed = 710 rpm, travel speed = 40 mm⋅min −1 (Figure 3(a) , condition 1), and travel speed = 63 mm⋅min −1 (Figure 3(c) , condition 2).
In Figures 3(a) and 3(c) , different zones in the weld can be appreciated, such as nugget zone (NZ), thermo mechanically affected zone (TMAZ), and heat affected zone (HAZ). Figure 3 allows observing the good quality of the joints. The macroimages of the weld zone presented in Figures  3(a) and 3(b) show no weld defects and macrostructural continuity.
Vibroacoustic Signals Features Extraction.
Noise removal constituted the initial stage of characterizing AE signals, producing, as indicated in the previous section, the results shown in preceding works [11, 23] . The extraction of features of the vibroacoustic signals was based on statistical characterization. Several methods are useful in determining which features of these signals are used as input of ANN. In this paper, the analysis of variance (ANOVA) is a method used to investigate which statistical parameters of the signals are significantly affected by changes in welding parameters (outputs of the ANN). Figure 4 shows the graphics of the vibroacoustic signals corresponding to conditions 1 and 2. These conditions present the same tool rotation speed = 710 rpm and the same tools profile, in this case a cylindrical probe with grooves. The travel speeds were 40 mm⋅min −1 (Figure 4(a) ) and 63 mm⋅min −1 (Figure 4(b) ), respectively. As it can be appreciated in Figure 4 , the amplitude of the vibroacoustic signal is higher for condition 1, caused by the smaller travel speed (40 mm⋅min −1 ). The result of the application of ANOVA at all vibroacoustic signals shows that only two features were influenced by changes on the parameter levels. In this case, the data median and RMS were selected as input of the ANN. Table 1 shows the values of the statistical parameters for the analysed signals showed in Figure 4 .
Considering the complex nature of the vibroacoustic signals generated by the FSW process, the use of only two vibroacoustic features is not sufficient to obtain a relationship between the vibroacoustic signals and the process parameters. Therefore, the present study considers the inclusion of additional features of the vibroacoustic signals based on the time-frequency properties, using a WT to obtain additional statistical features related to different frequency band of the signals.
Wavelet Transform for New Features.
The DWT has been utilized in this work to obtain additional statistical features of each series of decomposed vibroacoustic signals.
The result of the DWT is a series of decomposed signals belonging to different frequency bands. The graphics in Figures 5(a) and 5(b) represent the WT of the vibroacoustic signal for condition 1 and condition 2, respectively. In this study, the DWT decomposition is applied using eight levels and mother wavelet Daubechies (Db5).
In Figure 5 , all decomposed frequency bands for the vibroacoustic signals corresponding to condition 1 and condition 2 can be appreciated. A visual inspection of these figures enables observing the differences between the signals for each similar frequency band. The -test has been used to determine which vibroacoustic features were affected by changes on the FSW parameters. For the analyses, the bands of frequency associated with the noise that were demonstrated unnecessary in the previous epigraph were not taken into account. Figure 6 shows the results of ANOVA methods for three selected features, extracted from the DWT decomposition, used as input of the ANN for each one of the welding parameters.
As result of the ANOVA statistical analysis of each decomposed signal, 14 new features were selected as input of the ANN. The defined inputs exhibit means of groups significantly different due to changes on the levels of the process parameters.
Neural Network.
In recent years, ANNs have been applied to a wide range of fields and have provided solutions for scientific and industrial problems. This paragraph shows the features of vibroacoustic signals selected as input of the ANN with highly significant difference. The results of the selected topology and the training algorithm are also presented.
In order to reduce the number of input (14 inputs) to ANN, the sensitivity and principal component analysis was developed. This procedure reduces the dimension of the input vectors eliminating redundant components. Finally, a total of 10 feature values ( 1 , . . . , 10 ) have been selected: two extracted from the time domain signals and eight statistical parameters based on DWT decomposed signals. In this case, the vibroacoustic features selected as input of the ANN are shown in Table 2 . These features show a significant incidence with the variations on the welding process parameters and tensile strength. Table 3 presents three options of neural network architecture tested. The evaluation of different architectures and training algorithm demonstrated that a network with one hidden layer (16 neurons in hidden layer) trained by Levenberg-Marquardt algorithm shows good performance and provides the smaller final errors. The selected network architecture consists of 10 input neurons, 16 hidden neurons with nonlinear activation function (log sigmoid), and three output neurons (tool rotation speed, travel speed, and tool profile) with linear activation function. The topology of the selected network 10-16-3 is shown in Figure 7 .
The ANN with smaller number of nodes in the hidden layer was not converging and the pattern error value remained high. With architecture 10-16-3, the final correct evaluation obtained was 99.9%. With this weight matrix, correct results could be obtained with a confidence of 95%. The use of more than the optimal number of hidden layers in the network may result in undesirable overfitting of the data.
The transfer function log sigmoid used in this study is given by
The final operation of the network is governed by (8) improves the results of the existing models, and furthermore it uses a noninvasive technique (specifically AE) to predict the mechanical properties of joint and the process parameters. The proposed model can estimate the values of process parameters not determined during the experimental research.
Neural Network Evaluation.
The testing of the neural network model was developed using new test sets to validate the generalization capability of the network. Once obtained the values of the weights and biases, they have been substituted in (8) , which govern the operation of the ANN. After being trained by the training data set, the networks are checked to assure their ability to obtain the FSW process parameters and tensile strength based on the data test.
The obtained output values of the ANN were introduced into the postprocessing stage in order to obtain the real value of the process parameters. Figure 8 shows . . . . . . between the process parameters and mechanical property of the FSW joint and values calculated using the ANN. The obtained correlation factor is also shown as a result of the regression analysis.
As it can be appreciated in Figure 8 , the measured and predicted output values were close to each other. The evaluation of the ANN using the test data shows that a practically lineal relationship exists between the FSW parameters and the parameters calculated with the ANN by (1) . Figure 8 (c) shows the comparative analysis between the tensile strength obtained from the ANN-based model and the one determined using the mathematical model developed in previous works [23] . In this case, the value of the adjusted coefficient of determination 2 was 91.4% for mathematical model, indicating that less than 9% of the total variations are not explained by the model [22] . The neural network model predicts the resistance to traction in 99% of the cases.
The great advantage of obtaining the process parameters by using the ANN lies in the possibility of estimating more parameter values from the vibroacoustic signals, due especially to the generalization capability of the ANN. Table 4 shows the results of the data predicted by the ANN for the two conditions, compared with the real data. 
Conclusions
This paper evaluates the possibility of the use of ANN to predict the FSW process parameters by using the vibroacoustic signals generated by the process. It has been concluded that 
